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. Background

O Unsupervised Domain Adaptation

UDA (Unsupervised Domain Adaptation) aims to address the problem of classifying unlabeled samples from the target domain whilst

labeled samples are only available from the source domain and the data distributions are different in these two domains.

Model
e O :
! Source Domain ~ Ps(X,Y) # Target Domain ~ Pr(Z, H) e ‘ !
| . . ur "oz \ E r
! lots of labeled data unlabeled or limited labels % °e/ \ e :
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I Ds={(xi,y),Vie{l,..., N}} Dr ={(z;,?),Vj € {1,..., M}} 1 I
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. Background

Domain Alignment
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forwardprop  backprop (and produced derivatives)

® Asymmetric Tri-training for Unsupervised Domain Adaptation

S : source samples F Objective for category loss
T,: pseudo-labeled target samples !
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y = Label for source sample — ] ’g P1— L(pyy) or L(p,§)
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. Motivation
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Proposed Method

Previous Methods

Augmentation
close to Target

O Top: Previous methods try to adapt directly without any
consideration of large domain discrepancies as there is large
gap between source and target domain.

O Bottom: The methods in this paper try to utilize
augmented domain between source and target domain
for efficient domain adaptation.



. FixBi - Fixed Ratio-based Mixup(warm up)

O This paper propose to use two fixed mixup ratios A4 and A4 to make augmented samples.

2= xf + (1 — Nt 1 A€ {Asd Ava
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O Two fixed mixup ratios-based models

Source Domain

Augmented Domain
e close to Source

CNN
Augmented Domain

E
close to Target

Target Domain L ,Cfm — Z QSt log 'y‘ﬂ}' )) (2)

(a) Fixed Ratio-based Mixup

Consistency Regularization

Confidence-based Learning




. FixBi - Confidence-based Learning

mean — 2 X std

Loss : Lpim = Z 1( max@y\x T)Y; log‘y\:z:t) (3)

Target Domain
i &
- Q‘e/ LQW
Confidence
High [~ Positive pseudo-labels
Confidence for Bidirectional
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labels for self-
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Ratio-based Models Consistency Regularization



. FixBi - Consistency Regularization
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(¢) Consistency Regularization

Ratio-based Models Confidence-based Learning



. FixBi - Algorithm

Algorithm 1: FixBi Training Procedure

Input : Network weights w4 and w;,, total
epochs £, mini batch B, warm-up epochs
k., mixup-ratios Asq, Arg, and A..(= 0.5),
source samples z*, target samples x', and
mixup samples M.

for e=1 to E do

for i=/to B do

Obtain M., using Eq. (1) with \.g;

Obtain M, using Eq. (1) with Asg4;

Update L ¢, (Mgg; weq) and Lo (2" wia);

Update ﬁfm_(f'.’-;?}d:_ wig)|and| Lsp (25 wiq )

if ¢ = £ then wemup-100

if max(y|z'; w,y) > 714 then

| Update Ly, (-'ri; ﬂ-“.tad);
end AT AN ?
if max(y|z';wey) > 7.4 then
| Update Ly, (25 104);

end

Obtain M., using Eq. (1) with \.,.;

Update L., (Me; wsa);

Update L. (M. wia);

F

end

end

end
Output: Learned model parameters w., and w;,.




. Experiments - SOTA

Table 4. Accuracy (%) on Office-31 for unsupervised domain adaptation (ResNet-50). The best accuracy is indicated in bold

and the second best one is underlined. * Reproduced by [ "]

Method A—W D—W W—D A—D D—A W—A Avg
ResNet-50 [ 7] 68.4+0.2 96.7£0.1 99.3+0.1 68.9+0.2 62.5£0.3 60.7+£0.3 | 76.1
DANN [~] 82.0+0.4 96.9+0.2 99.1+0.1 79.7#0.4 68.2+04 67.4+0.5 | 82.2
MSTN* [7] 91.3 98.9 100.0 90.4 72.7 65.6 86.5
CDAN+E [ ] 94.1£0.1 98.6+£0.1 100.0£0.0 92.9+0.2 71.0£0.3 69.3+0.3 | 87.7
DMRL [ 1] 90.8£0.3  99.0£0.2 100.0£0.0 93.4+0.5 73.0£0.3 71.2£0.3 | 87.9
SymNets [ 7] 90.840.1 98.8£0.3 100.0£0.0 93.9+0.5 74.6+£0.6 72.5+0.5 | 884
GSDA [ 7] 95.7 99.1 100 94.8 73.5 74.9 89.7
CAN [17] 94.5+£0.3 99.1x0.2 99.840.2 95.0+0.3 78.0£0.3 77.0+£0.3 | 90.6
SRDC [ 0] 95.7+£0.2  99.240.1 100.0£0.0 95.8+0.2 76.7+0.3 77.1£0.1 | 90.8
RSDA-MSTN [ 1] 96.1£0.2 99.3+0.2 100.0£0.0 95.840.3 77.4+0.8 78.9+0.3 | 91.1
FixBi (Ours) 96.1£0.2 99.3+£0.2 100.0£0.0 95.0+£0.4 78.7+£0.5 79.4+0.3 | 914




. Experiments - SOTA

Table 5. Accuracy (%) on Office-Home for unsupervised domain adaptation (ResNet-30). The best accuracy is indicated in
bold and the second best one is underlined. * Reproduced by [ ! ']

Method Ar—Cl Ar—Pr Ar—Rw Cl—=Ar C(Cl—Pr Cl—=Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr | Avg
ResNet-50 [1 7] 34.9 50 58 374 41.9 46.2 385 31.2 60.4 53.9 41.2 59.9 46.1
DANN [7] 45.6 39.3 70.1 47 585 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6
CDAN[27] 49 69.3 74.5 54.4 66 68.4 55.6 48.3 75.9 68.4 554 80.5 63.8
MSTN* [17] 49.8 70.3 76.3 60.4 68.5 69.6 614 48.9 75.7 70.9 55 81.1 65.7
SymNets [17] 47.7 72.9 78.5 64.2 71.3 74.2 63.6 47.6 794 73.8 50.8 82.6 67.2
GSDA [11] 61.3 76.1 79.4 65.4 73.3 74.3 65 53.2 80 72.2 60.6 83.1 70.3
GVB-GD [7] 57 74.7 79.8 64.6 74.1 74.6 65.2 55.1 81 74.6 59.7 84.3 704
RSDA-MSTN [11] 53.2 77.7 81.3 66.4 74 76.5 67.9 53 82 75.8 57.8 854 70.9
SRDC [ 7] 523 76.3 81 69.5 76.2 18 68.7 53.8 81.7 76.3 57.1 85 71.3
FixBi (Ours)| 58.1 713 80.4 67.7 79.5 78.1 65.8 57.9 81.7 76.4 62.9 86.7 72.7

Table 6. Accuracy (%) on VisDA-2017 for unsupervised domain adaptation (ResNet-101). The best accuracy is indicated in
bold and the second best one is underlined. * Reproduced by [ ]

Method aero bicycle bus car horse knife motor person plant skate train truck | Avg

ResNet-101 [ 7] 72.3 6.1 63.4 91.7 527 7.9 80.1 3.6 00.1 185 781 259 | 494
DANN [-] 81.9 T1.7 82.8 443 8l1.2 295  65.1 286 519 546 828 78 |574
DAN [ ] 68.1 154 765 87 T71.1 489 823 51.5 88.7 332 889 422 | 6l.1

MSTN* [1] 89.3 495 743 676 90.1 166 93.6 70.1 86.5 404 832 185 | 650
JAN [24] 757 18.7 82.3 86.3 702 56.9 80.5 53.8 925 322 B45 545 | 657

DM-ADA [1°] - - - - - - - - - - - - | 756
DMRL [ ] - - - - - - - - - - - - | 755
MODEL (] 948 734 688 748 031 954 886 847 89.1 847 835 481 |8L6
STAR [ 7] 95 84 846 73 916 918 859 784 944 847 87 422 | 827
CAN|[17] 97 872 825 743 978 962 908 807 966 963 875 3599 |87.2

FixBi (Ours) 96.1 87.8 905 90.3 968 953 928 88.7 97.2 942 909 257 | 87.2




. FixBi - Experiments

O Comparison of different mixup-ratio rules

Table 1. Comparison of three different mixup-ratio rules on

the task A—W.
W/O ﬁbg'frn W/ 'Cb’i?’n
| Type SDM TDM SDM TDM
The ratio randomly
sampled from the 86.5:1.0 | 85309 | 86.7+0.8 [ 85.6=0.7
beta distribution
Range 86.0+1.7 | 29.6+6.8 | 83.3+6.2 | 81.0+5.4
Fixed (Ours) | 86.3+0.6 | 86.0£0.7 | 89.3+0.4 | 90.14+0.3

Office-31 A-> W



. FixBi - Experiments

O Why is better to use a fixed ratio ?

The two networks have two different perspectives through fixed ratio-based mixup.

100

Table 2. Comparison of ensemble networks on Office-31.

80 1

Accuracy

70

Method Cvets M) | AW [DSW | WD | ASD | DA | WA | Avg
Sinele-persnective (03,03) | 886 | 965 | 1000 | 856 | 694 | 65.1 | 842
gle-perspe (0.7.07) | 892 | 965 | 1000 | 855 | 69.1 | 67.8 | 847
Two-perspective (Ours) | (0.7, 0.3) 90.1 98.5 100.0 88.4 72.5 72.5 | 87.0

60

s sbMm
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50 e
ruler project. bike monitor trash. letter. book. pen mug bottle
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Figure 3. Class-wise accuracy (%) on the task A—W of the
Office-31. Best viewed in color.



. Experiments - Ablation study

Table 3. Ablation results (%) of investigating the effects of our components on Office-31.

Loann | Lrm | Loim | Lsp | Lov || AW | DWW | WD | A-D | D2A | W—A | Avg

82.0 96.9 99.1 79.7 68.2 67.4 | 82.2

86.5 98.4 100.0 | 855 71.4 71.5 | 855
90.1 98.5 100.0 | 88.4 725 725 | 87.0

92.3 98.6 100.0 | 90.4 76.3 74.1 | 88.6
v 94.2 99.3 100.0 | 91.3 76.5 74.3 | 89.3
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